Abstract
Introduction
covariates (Wood 2017 SDMs that account for both temporal dynamics and imperfect detection.
84
We developed a dynamic occupancy model that uses a spatial GAM to estimate non- anticipate this framework will be particularly useful for modeling species' distributions over 94 large spatial scales and for quantifying range dynamics over long temporal scales because of 95 the improved fit to complex species distributions. 98 We assume that j = 1, 2, ...J temporally or spatially replicated presence/absence surveys are 99 conducted in t = 1, 2, ..., T primary periods at i = 1, 2, ..., N sampling locations. Further, 100 we assume that the true (but latent) occupancy state of each site, denoted z i,t , is closed 101 within each primary period but can change across primary periods. During each survey, the 102 observed occupancy state of the focal species, denoted h i,j,t , is recorded (0 = species not
96

Model description
Different smooth functions can be chosen based on the structure of the data (Hefley et al. 
122
In combination with time-varying covariates X i,t , allowing the basis function coefficients to 123 vary across primary periods allows occupancy probability at each site to change over time.
124
When t = 1, the γ k,1 coefficients are estimated using the Bayesian penalization approach 125 described above. To account for temporal auto-correlation in occupancy, the basis function 126 coefficients in periods t > 1 were modeled as temporally-correlated random effects:
where σ 2 is the variance among primary periods. Initial testing of our model indicated that 
175
To model spatial/climate relationships across the edge of each species' occupied range, we 176 subset all BBS routes with at least one detection of the focal species over the study period
177
(i.e., routes occupied in at least one year). Next, we created a 2 • -buffered convex hull around 178 the occupied routes and included all routes within the buffered region. considered.
215
At the stop level, availability is modeled as a first-order Markov process with parameters:
216
• θ i,j,t = Pr(availability at stop j|route i occupied and stop j − 1 unavailable)
217
• θ i,j,t = Pr(availability at stop j|route i occupied and stop j − 1 available)
218
As noted by Hines et al. (2010) , the first stop on each BBS routes has no predecessor and 219 thus availability at stop 1 cannot be modeled using θ or θ . Instead, we directly estimated 220 the probability π t that the first stop is available in year t:
For the remaining stops, availability was modeled as:
Numerous factors could influence detection probability in BBS surveys. Observer experience stop-level availability and route-level occupancy as: indicating the survey protocol used (0 = standard BBS survey, 1 = time-distance protocol),
236
and η i,t is a random observer effect.
237
Model selection
238
Given the large number of climate predictors in our model and the lack of a priori hypotheses 
Modeling fitting and indices of range shifts
257
We fit the models in JAGS (Plummer 2012) called from R using the jagsUI package (Kellner 258 2015). As described above, we specified multivariate normal priors for the GAM smooth observed/simulated and predicted detection history frequencies and we report the Bayesian 267 P-value from these tests.
268
For each species, we created annual distribution maps and range shift indices using the and northern/southern range limits) and report the mean and 95% credible interval for each.
275
Results
276
By allowing for complex variation in occupancy while simultaneously penalizing against 277 over-fitting, the spatial GAM was able to model both highly complex and relatively simple (Fig. 1B) . In contrast, the distributions of some species, including Red-bellied Woodpecker
285
and Carolina Chickadee, were less complex, with a large central area of high occupancy with 286 declining occupancy along the periphery of the range (Fig. 1C-D ).
287
The model was also able to quantify temporal changes in occupancy probability over the 43 were relatively stable or increasing in the mid-western United States (Fig. 2) . These species 293 differed, however, in occupancy trends in the southeastern United States, with Louisiana
294
Waterthrush and Kentucky Warblers showing modest increases in occupancy probability and
295
Wood Thrush and Golden-winged Warblers declining in occupancy probability.
296
Indices of range shifts from our model indicate that some species have undergone distributional 297 shifts over the past four decades. For example, the northern range limit of Blue-gray
298
Gnatcatchers shifted northward by~1.2
• latitude and the mean breeding latitude shifted 299 northward by~1
• (Fig. 3A-B) . Interestingly, this species has shown small (~0.2 • ) southward 300 expansion at the southern edge of its range and as a result, the proportion of area occupied 301 has increased over time (Fig. 3C ). The indices were also able to capture transient dynamics in 302 distributional shifts. Northern populations of Carolina Wren, for example, experienced large 303 declines in occupancy probability in the late 1970's, resulting in a contraction of the northern 304 range limit and mean breeding latitude by~1
• latitude (Fig. 3E-F) . This contraction was 305 temporary, however, with these populations subsequently experiencing a sustained northward 306 expansion extending~1.7
• beyond their initial northern range limit (Fig. 3D) .
307
Discussion
308
The distributions of most species are characterized by complex and dynamic variation in Chickadees and Red-bellied Woodpeckers using a common model structure.
327
Modeling the GAM coefficients as temporally-correlated random effects also allowed us 328 to explicitly model changes in occupancy probability over time. 
